Introduction
Virtual Environment Design accelerometer based method with the haptic based method. But the sampling rates and work space axes of the two devices are different. Also, data capturing is asynchronous because the two devices are turned on independently. Further, the sampling rates for the haptic device and the motion sensors are different. Due to these reasons, the following pre-processing steps are required.
(a) Calibration
The data obtained from motion sensors is in the local sensor co-ordinate system. Whenever the subject changes its hand orientation (which definitely occurs while performing the task), the direction of the local co-ordinate system also changes. Thus all the data captured during the task corresponds to values along many different unknown directions. We need to convert all of them to a common co-ordinate system. With the help of the orientation information, this data is converted to the global co-ordinate system using the Following transformation.
Where X s denotes the data from motion sensors in the local sensor co-ordinate system, R o represents the orientation data available from motion sensors and X GS represents the data in the global co-ordinates system. Since the motion sensor is firmly placed on the palm (outside) used to move the stylus on the haptic device, the translation component can be assumed to be zero. The directions of global coordinate system follow a right handed co-ordinate system and are as follows: X-North; Y-West; ZVertically up. The orientation calibrated motion sensor data is used for all subsequent processing. It may be noted that the 3D accelerometers measure all accelerations, including the acceleration due to gravity. This is inherent to all accelerometers. Therefore, we remove this component of acceleration due to gravity by subtracting the local mean from the Z-component of the accelerometer data (Pawar et al., 2008) . Next, the haptic workspace may not coincide with this co-ordinate system. For this, we adjust the haptic device so that the haptic workspace coincides with the global co-ordinate system using a compass.
The z-coordinate of the haptic space is aligned to the magnetic north of the compass with x-y plane aligned to the top surface of the table housing the haptic device. Having done that, the position of the haptic device on the table is kept unchanged during subsequent experiments.
(b) Temporal Synchronization
The useful data lies between the deliberate shakes done at the beginning and at the end of the task. These shakes correspond to peaks in the recorded data from both haptic device and accelerometer as shown in Fig. 5 and 6. These peaks are easily identified in both accelerometer and haptic data in all the three axes and the start and the end points from both these sources are matched so that an accurate resampling rate for the haptic data can be calculated to perform the next step. This can be mathematically described as: (Tomasi and Manduchi, 1998 ) is applied to both data. This will smoothen the signal without disturbing the peaks corresponding to the initial and final shakes. The peaks are then detected from this smoothed data. For all further processing, the data in-between these peaks are considered. It may be mentioned here that matching the start and the end points by cross correlation cannot be applied as the haptic and motion sensor data are sampled at different rates.
(c) Resampling
In our trials, the haptic sampling rate is about 140
Tremor Data Extraction
The haptic device gives the velocity of hand motion and motion sensor provides the acceleration. Thus the acceleration data from the motion sensor has to be integrated to obtain the velocity. The resultant signal obtained by performing all the steps mentioned above can be considered to be represented as the sum of two components as
with, r(n) denoting baseline data signifying task related hand motion along a particular coordinate axis and f tr (n) denoting the corresponding high frequency tremor component. The base line data (task related hand motion) of the velocity of hand motion along x, y and z directions from the haptic device and motion sensor are computed using an averaging window filter. The estimated base line data at instant n is given by
where, w d denotes the half width of the averaging window.
The averaging filter smoothes the captured velocity of hand motion by removing the higher frequency components and allowing only low Hz, while the motion tracker used here samples data at the rate of 100 Hz. Therefore, the haptic data is downsampled to match the sampling rate of the motion tracker. The exact downsampling factor D for the haptic signal is given by 
The 'resample' function of MATLAB is used to down sample the data. Now, both the motion sensor and haptic data are temporally registered, geometrically aligned and correspond to the same sampling frequency of about 100 Hz. frequency components to pass through. This method also allows us to remove the gravity component along the z-component. Fig. 7 shows an example of the downsampled haptic velocity data and the extracted base line data (motion trajectory). This motion trajectory is then subtracted from the original data r(n) to get only the high frequency components as (11) Now serves as the estimate of the tremor data. A typical signature of such a hand tremor is also shown in Fig. 7 . This data is amenable to different types of signal analysis techniques as described in the next section. Just to illustrate one signal analysis technique, we have considered the power spectral density (PSD), computed using the the periodogram, of the high frequency component f tr (n) to detect the presence of tremors. The PSDs of non-tremor and tremor data from both the haptic device and the motion sensor are shown in Figs. 8 and 9, respectively.
For Fig. 8 , we observe that the spectra are quite flat in both cases, signifying that there is no pseudo rhythmic pattern in the data. On the other hand, the PSDs in both cases of Fig. 9 show a distinct peak and the locations are quite close in frequency. This corroborates the fact that the proposed haptics based system is indeed a viable option.
Signal Analysis
We use two different techniques for signal analysis. Since the equivalence between the haptic and the motion sensor data has already been established, we do not show any more results of analysis of the motion sensor data. For the analysis of haptic data, we first use the auto regressive (AR) model fitting to the time series to perform spectral estimation. This provides a good localization of the tremor frequency. Subsequently we perform a time frequency analysis of the data using the Choi-Williams method. The purpose of the study is to observe if there is a temporal variation in the tremor frequency.
(a) AR Modelling
A spectrum that is characterized by its peaks, as opposed to valleys, can be modeled well by an AR model, thus making AR modeling the most appropriate method for the analysis of tremor data. Two steps are involved in the modelling of tremor data using an AR model. First is the selection of a proper model order (p) and second is the estimation of model parameters from the data. Here the data is modelled by the following difference equation
where, w(n) is a white noise, a k are the AR parameters and f tr (n) is the tremor data. The power spectral 
where, P ftr (f) is the power spectral density of the tremor data, w 2 is the noise power and H(f ) is the frequency response of the model. The AR parameter estimation is done by using Burgs algorithm (Burg, 1968 ). The AR model order p is estimated by using the Akaike information criterion (AIC) (Akaike, 1974) and is based on selecting the order that minimizes
Where, 2 wp  is the estimated noise variance and N is the length of the data sequence. In the present work we identified that a 6 th order AR model can fit the tremor data received from different subjects very well.
(b) Choi-Williams Spectrum
Time frequency signal representations characterize signals over a time frequency plane (Cohen, 1989 (Cohen, 1989) . The well known Cohen class distribution is given by
where R(i, m) is the auto correlation function of the tremor signal and (n, m) is the kernel function. Here L is the window length and the variable n is also varied across an appropriate window. 
WVD can be computed efficiently using a fast Fourier transform (FFT) (Swami and Mendel). One major drawback of WVD is the presence of cross term or interference term as WVD is quadratic in nature. The amount and the shape of this interference are directly related to the Particular kernel function (n, m) which is unity for WVD. Choi and Williams (Choi and Williams, 1989) proposed the use of an exponential kernel
to reduce the cross terms, but at the same time preserving most of the properties of WVD. The parameter controls the attenuation of the cross terms. However, increasing leads to a loss of spectral resolution. As a compromise we choose a value of equal to 0.5.
Experimental Results
The virtual environment was created using Visual Studio 2005 and the HAPI libraries. HAPI is a open source high level haptic API developed by Sense Graphics. HAPI is written in the C++ programming language and works on all major operating systems. HAPI provides a number of haptic force effects, surface effects, collision detection, primitive shape creation and thread handling in addition to the basic device handling. We use Novint FALCON, a commercially available haptic gaming platform in the prize range of $200, as the haptic device to interact with the virtual world. For motion data, we use Xsens sensors. Data from the motion tracker was transmitted to a computer via an USB cable. The captured data was processed offline in MATLAB on a Intel Core-2-Quad processor system with 8 GB RAM and a processing speed of 2.6 GHz working under Windows XP Operating system.
A normal subject is first asked to interact with the virtual soft object through the FALCON and the experience of the user is noted down. As the number of nodes in the object is increased, the haptic experience improves, signifying a smoother interaction. However, this increases the computation time for haptic rendering and one may not be able to complete the rendering within 1ms. Therefore, a GPU based rendering would be more useful to the user. Since all our computations are performed in the CPU, we had to restrict the number of nodes to 180. If the gap increases between two successive nodes along the length of the object, there could be a possibility of piercing through the object during interaction if a large amount of force is applied. This is a shortcoming of the developed system which hopefully can be solved by introducing more number of nodes to model the object and by implementing it on a GPU. In order to have a better hapto-visual immersion into the 3D environment, the visual rendering was performed on a stereoscopic display by superimposing the images for two different viewpoints. An anaglyphic lens is used by the subject to perceive the depth during haptic interaction. A number of tremor affected volunteers are asked to interact with the created virtual environment and the velocity of hand motion is captured using the haptic device. The captured velocity data is subjected to tremor extraction routine discussed in section V. The power spectrum estimated using the AR model of two representative subjects are shown in Fig. 10 and Fig.  11 .
The frequency corresponding to the peak value is 4.6 Hz in subject 1 and 7.0 Hz in subject 2. These frequencies are in accordance with (Harish et al., 2009) . From both the plots, one can see a distinct peak in the spectrum. This indicates that the subject indeed has hand tremor, which is verified from the known history of the subject. These results illustrate the usefulness of the proposed method.
The Choi-Williams spectrum is used to see if there is any temporal variation in tremor frequency. The Choi-Williams spectra from two representative subjects are plotted in Figs. 12 and 13. From these two plots, we do not observe any noticeable change in the spectral content temporally. This suggests that both subjects had a fairly constant tremor frequency and it did not change during different phases of performing the haptic task. This further demonstrates that the proposed technique is quite reliable as there is no drift in frequency while performing the haptic task. In all these illustrations, we have given the spectral plots of tremor data along x-axis. Since the motion of the object is restricted to x-y plane only (as the object rests on the horizontal plane z = 0), we have also analyzed the tremor along the y-axis, and the corresponding results are found to be very similar. Hence they are not reproduced here.
Conclusions
We have proposed the use of a deformable object manipulation in a virtual 3D haptic environment as a method of tremor data acquisition. We collected data from several subjects, in the age group of 60-65, having tremor.We have been able to identify the presence of tremors based on the power spectral density of tremor signal in the velocity data, obtained from the haptic device. We have compared the proposed haptic based method with the most commonly used accelerometer based method and found the consistency of results from both the methods, thus experimentally validating our idea. Further, we are able to fit an AR model to the tremor data and estimate the PSD using the AR model. The haptic based method does not require any recalibration as required by accelerometer based method. Further by designing different types of deformable objects and interaction plan, any kind of tremor could be measured and quantified. In this paper our emphasis has been purely on developing a general purpose haptic system for measurement of hand tremor. The task of identifying various types of hand tremors and the progression analysis of tremor condition after appropriate rehabilitation remains to be investigated. Further the effect of loading during the task performance needs to be studied for an appropriate subject base.
